A case-acquisition and decision-support system was developed to support the analysis of group-average lactation curves and to acquire example cases from domain specialists. This software was developed through several iterations of a three-step approach involving 1) problem analysis and formulation in consultation with two dairy nutrition specialists; 2) development of a case-acquisition and decision-support prototype by the system developer; and 3) use of the prototype by the domain specialists to analyze and classify milk-recording data from example herds. The overall problem was decomposed into three subproblems: removal of outlier tests and lactation curves of individual cows; interpretation of groupaverage lactation curves; and diagnosis of detected abnormalities at the herd level through the identification of potential management deficiencies. For each subproblem, a software module was developed allowing the user to analyze both graphical and numerical performance representations and classify these representations using predefined linguistic descriptors. The example-based method for the development of the program proved to be very useful, facilitating the communication between system developer and domain specialists, and allowing the specialists to explore the appropriateness of the various prototypes developed. The resulting software represents a formalization of the approach to group-average lactation curve analysis, elicited from the two domain specialists. In future research, the caseacquisition and decision-support system will be complemented with knowledge to automate identified classification tasks, which will be captured through the applica-
INTRODUCTION
Dairy producers enrolled in a DHI program receive a large amount of milk-recording data after each test day. These milk-recording data can be a useful source for information to support dairy farm management and control activities, both at the operational (short-term) and tactical (medium-term) levels of decision making (Pietersma et al., 1998) . At the operational level, results from the most recent test day can be used to monitor current performance. At the tactical level, milk-recording data collected (e.g., over the past year) can be used to analyze the performance of the cows averaged for the entire year or as a function of month of year or even stage of lactation. Several computerized information systems have been developed to support the analysis of milkrecording data. These include, at the operational level, a decision-support system for evaluating mastitis information (Allore et al., 1995) , fuzzy-set based tools to monitor group-average milk yield and persistency values , and a prototype decision-support system for dairy cattle culling deployed over the Internet (Strasser et al., 1998) . In addition, several expert systems have been developed to support tactical level dairy management related to reproduction (Domecq et al., 1991) and covering milk production, nutrition, reproduction, and health (Pellerin et al., 1994) . One particular use of milk-recording data to support tactical level dairy management is the analysis of group-average lactation curves (Lefebvre et al., 1995; Skidmore et al., 1996) . This type of analysis may, for example, reveal poor peak production for the group of cows in their first, second, or third and higher parity, which may be caused by deficiencies in areas such as nutrition or management of the dry period. However, proper interpretation of groupaverage lactation curves and additional milk-recording data tend to be time-consuming and complex. Use of a knowledge-based system (KBS) for the partial automation of this process would, thus, be advantageous; it would relieve dairy producers and their advisors from the tedious task of preprocessing the large amounts of raw data, required for such an analysis, and also provide them with expert interpretation (Whittaker et al., 1989) .
Traditionally, KBS have been developed based on interviews with domain experts, sometimes supplemented with other sources of knowledge such as documentation (Dhar and Stein, 1997; Durkin, 1994) . However, the acquisition of knowledge through interviews has proven to be time-consuming and difficult, being referred to as the knowledge-acquisition bottleneck. Alternatively, the acquisition of knowledge from experts can be partially automated with machine-learning techniques (Dhar and Stein, 1997; Durkin, 1994; Langley and Simon, 1995) . With this approach, a domain expert first classifies example cases of a particular problem, followed by the application of machine-learning techniques, such as decision-tree induction and instance-based learning, to discover and make use of the knowledge implicitly embedded in these example cases. However, new challenges arise with the application of machine-learning techniques to real-world problems, including task decomposition, acquisition of example cases of sufficient quality, selection and configuration of an appropriate machinelearning algorithm, and interpretation of the learned knowledge (Adriaans, 1997; Langley and Simon, 1995; Verdenius et al., 1997) .
A research project was initiated to explore the use of machine learning for the development of KBS in dairy farming and focused on the problem area of group-average lactation curve analysis. The research presented in this paper dealt with the first part of this project and addressed the challenges related to task decomposition and acquisition of example cases. It was expected that decomposition of the problem area into classification tasks could be achieved through interviews with domain specialists, leading to a formalization of the approach to group-average lactation curve analysis used by these specialists. To perform machine learning of the identified classification tasks, a substantial number of example cases would be required. The development of a software tool to automate the acquisition of example cases from domain specialists was expected to solve this caseacquisition bottleneck, while, as an implementation of the formalized approach to group-average lactation curve analysis, this tool could also be used as the core software of the final KBS. The objectives of this research were 1) to formulate the overall approach to group-average lactation curve analysis into classification tasks that allow for the application of machine-learning techniques and 2) to develop a case-acquisition tool to enable domain specialists to efficiently analyze and classify example cases of the analysis of group-average lactation curves.
MATERIALS AND METHODS

Procedure
To support the analysis of group-average lactation curves, problem formulation and case-acquisition tool development were both carried out in consultation with two dairy nutrition specialists. Both specialists had practical experience with lactation curve analysis and one of them had direct knowledge of the type of support currently provided by the DHIA advisors. The approach used involved three consecutive steps, as indicated by the grayed area of the process model shown in Figure  1 : problem analysis and formulation, case-acquisition tool development, and use of this tool by the domain specialists. These three steps are part of an overall process model, which was developed specifically for the context of using machine learning to support the acquisition of knowledge from domain specialists for KBS development based on three methodologies (Brodley and Smyth, 1997; Langley and Simon, 1995; and Verdenius et al., 1997) for the application of machine learning to realworld problems in general. Additional steps in this process model include the development of knowledge-based modules through machine learning from example cases acquired with the case-acquisition tool and deployment of the KBS (Figure 1 ). This study was restricted to the first three steps and designed as an iterative process, which is represented by the various feedback loops in Figure 1 .
The first step of the process model was carried out in consultation with the domain specialists and involved 1) definition of the overall problem, 2) decomposition of the overall problem into subproblems (with reduced complexity to facilitate machine learning in subsequent research), and 3) reformulation of each identified subproblem into one or multiple classification tasks for machine learning, including a description of the attributes and classes that characterize example cases for those tasks. The second step consisted of the development of a prototype case-acquisition tool by the system developer, based on the problem formulation resulting from the first step. In addition, the system developer incorporated alternative views of the data into the prototype based on data visualization techniques. In the third and final step, the two domain specialists used the developed prototype to analyze and classify a small data set consisting of milk-recording data from a selected number of dairy herds, and to evaluate the functioning of the program and the appropriateness of alternative views of the data. The deficiencies of the prototype were then discussed with the specialists, prompting a new iteration. During these discussions a computer with the case-acquisition prototype was used to support the analysis of the functioning of the program by stepping through specific example cases. This consultation led to adjustments in the problem definition and decomposition, the description of classification tasks, and the preferred views of the data representation, followed by the development of an improved prototype. For each subproblem, several such iterations were required before the specialists were satisfied with the resulting analysis approach and caseacquisition program. The feedback loop from step two to step one represents situations in which the system developer required additional input from the specialists before releasing the next prototype for subsequent use. The loop from step three to step two occurred when a software bug was detected by the specialists and reported back to the system developer. During the project, a large amount of decision-support functionality was added to the case-acquisition tool enabling the specialists to analyze the milk-recording data efficiently using an approach to group-average lactation curve analysis that emerged from the iterative development process. The resulting software was, therefore, referred to as a case-acquisition and decision-support system (CADSS).
Data
A data set, consisting of milk-recording data from 33 Holstein herds, was used throughout the development of the CADSS. These herds were randomly selected from herds enrolled in the provincial DHI program, while ensuring coverage of a wide range of rolling herd average milk production levels. For each herd the data were limited to one year of historical milk-recording data by choosing a so-called "most recent test date" and including only tests no more than 365 d before that date. In addition, only the data from lactations starting within the defined interval were included in the analyses. This resulted in a total of 1428 lactations, produced by 1419 different cows, and a total of 7684 tests. The data set for each cow and test day included such variables as milk yield (kg), fat %, protein %, SCC, and codes reflecting conditions that may have affected the performance of the cow on the test day. Milk urea nitrogen data were available for some of the tests. Ration data included DMI, NDF, nonstructural carbohydrates, NE L , fat, CP, and undegraded intake protein. Total DMI was based on actual amounts of supplements fed (reported by the producer) and estimates of the forage DMI (determined by the Québec DHIA ration model and adjusted by the feed advisor). The quality of the feed ingredients was based on laboratory analyses of feed samples or, if no specific analyses were available, on standard values for the composition of feeds (National Research Council, 1989) . The data set also included birth, calving, and dryoff dates, BW after calving, and the BCS at four different stages of lactation. See Figure 2 for a summary of the data input variables. Standard lactation curves and standard peak levels for seven herd-average production levels and three parity groups (one, two, or three and higher) had previously been derived from 570,863 official Holstein test-day records at the provincial DHIA by Lefebvre et al. (1995) and were used as performance benchmarks for the group-average lactation curves. These standard curves were associated with herd-average cumulative 305-d milk production levels ranging from 6750 to 9750 kg in intervals of 500 kg. Additional standard curves and peak production levels were estimated through linear extrapolation to 4250 and 11,250-kg herd-average cumulative 305-d milk production to accommodate very low and very high producing herds.
The CADSS was developed using Visual Basic (Microsoft Corporation, Redmond, WA) programming language. For each herd, a relational database with three database tables was used to store the milk-recording data pertaining to the level of cow and test, cow and lactation, and herd and test. The classifications made by the user during a consultation session with the CADSS were also stored in a relational database. The Data Access Objects programming model (Microsoft, 1997) was used to enable the CADSS to access and manipulate the data in the database tables.
RESULTS
Problem Definition and Decomposition
The two domain specialists described the analysis of group-average lactation curves as a first step in a tactical level management activity focused on monitoring and improving the nutrition management on the farm. The specialists anticipated that this analysis process would lead to the detection of potential management problems and preliminary diagnoses.
The consultation sessions with the domain specialists resulted in a decomposition of the overall problem into three subproblems and the development of three corresponding software modules (Figure 2 ). These subproblems were 1) removal of outlier tests and lactations of individual cows, 2) interpretation of group-average lactation curves, and 3) diagnosis of abnormal groupaverage lactation curves. This decomposition corres- ponded to the analyses of milk-recording data at the levels of individual cow, group of cows, and the entire herd. The first subproblem was related to the relatively small herd size of dairy herds enrolled in the Québec DHI program, which, in 1999, averaged 45 cows per herd (Programme d'analyse des troupeaux laitiers du Québec, 2000) . With a small number of cows in a group, the interpretation of the group-average performance may be biased towards a single atypical cow. The specialists, therefore, considered the removal of outlier tests and lactations to be important, especially if these outliers were associated with explanatory information such as a high SCC, an extreme protein to fat ratio, or the existence of codes indicating specific events affecting the milk yield (e.g., clinical mastitis, displaced abomasum, or estrus). The second subproblem involved the interpretation of group-average lactation curves and peaks for each of the three parity groups to detect abnormalities such as a poor peak production or an abnormal shape of the curve after the peak. The group-average lactation curve and peak were calculated from non-outlier milk yield data and could be compared with a standard lactation curve and standard peak level. The resulting groupaverage lactation curve interpretations for all three parity groups of a herd were analyzed in combination with additional group-averaged milk-recording data in the final subproblem to diagnose detected abnormalities through the identification of potential management deficiencies. The overall CADSS program and the three software modules corresponding to the identified subproblems are explained in detail below.
CADSS Program
The CADSS program consists of a main module to control the selection of herds, parity groups, and the sequence of analyses, and three additional analysis modules corresponding to the identified subproblems. During a case-acquisition session, the CADSS program controls the sequence of analysis steps. After selection of a herd, the user is first directed to the module for removal of outlier tests and lactations for each of the three parity groups. The user may then continue with the module for the interpretation of group-average lactation curves. After this stage, the final module can be used to diagnose detected abnormalities. The user can go back to herds and parity groups, classified earlier, to review and, if necessary, change the classification decisions made.
The CADSS records the user interactions with the system and the classifications made by the user in a single relational database containing seven database tables. Four tables are used to record the classifications pertaining to four aggregation levels: test within lactation, lactation, parity group, and herd. The CADSS uses three additional tables to record the sequence of decision-making steps by the user for each of the three analysis modules of the program. The final classification decisions made by a specialist could be combined with potentially predictive attributes derived from the information shown at the time of decision making to generate example cases that could, in subsequent research, be used for machine learning. The recorded sequence of decisionmaking steps allowed for a replay of how the user interacted with the system and helped to define the gray or fuzzy zones of classification in cases where it was difficult for the specialist to choose between two classes.
The development of each module required several iterations involving the three consecutive steps of 1) discussion of the required functionality of the module, 2) prototype development, and 3) use of the prototype by the domain specialists (Figure 1 ). Shorter iteration cycles of only steps one and two were used when adding alternative views of the data representation proposed by the system developer. Such additional functionality was first explained to the specialists during a consultation session using a computer with the prototype to show specific example cases. Based on the feedback from the specialists, the prototype was then improved and subsequently released for use by the specialists to complete a three-step iteration. The development of the first, second, and third modules involved, respectively, three, five, and six iterations. The modules were developed in parallel, requiring a total of seven consultation meetings. The following three sections describe, for each module, the required milk-recording data, the classification tasks involved, the resulting functionality, and the acquisition of example cases.
Removal of Outlier Tests and Lactations (Module 1)
With the first module, the user can analyze lactation curves of the individual cows within a parity group and perform two classification tasks: removal of outlier tests, removal of outlier lactations, or both (Figure 3) . The input for this module consists of eight different variables describing the lactation and the tests within lactation for each cow, and standard lactation curve values that can be used as a benchmark (Figure 2) . The module results in the classification of each test and lactation as outlier or nonoutlier.
The user can choose to view the lactation curves of all cows belonging to the parity group or step through the lactation curves one at a time or in smaller selected groups. In addition to the individual cow curves, a groupaverage lactation curve is shown, averaged for nonout- includes error bars representing the mean milk yield plus and minus the standard deviation. Labels are attached to individual milk yield tests in the case of codes indicating an event that may have affected the test results (such as clinical mastitis, displaced abomasum, or estrus). The user can choose to view additional labels to draw attention to a low or a high protein to fat ratio, or a high SCC, each with user-adjustable threshold values. A standard lactation curve can be displayed to represent the expected performance for the parity group, given the production level of the herd. Optionally, a regression line can be estimated and shown for each lactation curve using a multiple linear regression model proposed by Wilmink (1987) describing milk yield Y on DIM t as
Selection of a particular test within a lactation curve by mouse click prompts the program to show additional information for that test, including persistency, fat and protein percent, protein to fat ratio, and SCC. The user can subsequently delete the selected test or an entire lactation by clicking on the "Delete Test" or "Delete Curve" buttons. Removal of all tests in a lactation causes the program to consider that lactation as deleted. The color of a deleted test or lactation is changed to gray to aid in the reselection of previously deleted tests or lactations. Each "delete" or "undelete" event prompts the program to recalculate the group-average lactation curve.
The CADSS records a flag for each deleted test or lactation to indicate it as an outlier. Table 1 shows examples of the classification of milk yield tests using the classification attribute "Test is outlier" and classes "True" and "False." The example cases in Table 1 are described with a selection of nine of the many potentially predictive attributes that can be used for machine learning of this classification task.
Interpretation of Group-Average Lactation Curves (Module 2)
With the second module, the user has to characterize the group-average lactation curve of the selected parity group by choosing an option button for each of six linguistic descriptors or classification tasks. These tasks are listed in the right-hand section of the module ( Figure  4 ) and consist of: start-up milk, peak description, peak timing, peak level, and slope of the curve during mid and late lactation. The input for this module consists of: the milk yield and date of each test, the parity and calving date of each lactation, standard lactation curves and standard peak level values to benchmark the groupaverage performance, and the outlier test and lactation flags from the first module. The interpretation of the group-average lactation curve results in a list of classes chosen by the user for each classification task (e.g., low start-up milk, normal peak description, normal peak timing, low peak level, high slope mid-lactation, and normal slope late lactation).
In this module, the group-average lactation curve is shown, averaged for nonoutlier milk yield and DIM values of individual cows within each of 10 stages of lactation from 5 to 305 DIM. Error bars represent the groupaverage milk yield plus and minus the standard deviation. The group-average peak level and timing are calculated based on the maximum milk yield of individual cows in the first 120 DIM. The group-average peak level and timing error bars represent the mean plus and minus the standard deviation. The program calculates a standard lactation curve for the selected parity group through linear interpolation between the two available standard curves closest to the mature equivalent production level of the herd in question. The standard peak level is derived similarly. The user can choose a class for each classification task by selecting an option button (for example, peak level can be "Low," "Normal," "High," or "No Classification Possible," while slope during mid and late lactation can be "Low," "Normal," "High," "Flat," or "No Classification Possible"). Selection of a transition point between mid and late lactation prompts the program to estimate and show two linear regression lines through the group-average curve data points from the third stage to the transition stage and from the transition stage to the last stage. The slopes of these two regression lines (in grams per day) are displayed in a table together with the slopes of regression lines through the standard lactation curve. This functionality was added to support the user with the classification of the slope of the group-average lactation curve during mid and late lactation. Table 2 shows example cases of the group-average peak level, classified by a domain specialist as "Low," "Normal," or "High." Potentially predictive attributes describing the group-average peak level in relation to the standard peak level may include the absolute and relative distance between the group-average and standard peak level, and the absolute distance, expressed in standard deviations. The selection of a transition point between mid and late lactation can be seen as a seventh classification task that may be useful in calculating predictive attributes for the classification of the slope of the lactation curve during mid and late lactation.
Diagnosis of Abnormal Group-Average Lactation Curves (Module 3)
The third and final module allows the user to compare the group-average lactation curve interpretations of the three parity groups with each other, and with additional group-average performance indices, and diagnose detected abnormalities through the identification of potential management deficiencies (Figures 5 and 6 ). The input for this module consists of: 13 variables associated with each test within a lactation, nine variables associated with each lactation, standard lactation curves and standard peak-level values, the outlier results of the first module, and the group-average lactation curve data and interpretations from the second module. The module results in a maximum list of 40 potential management deficiencies related to 1) the general condition of the cows at first calving, 2) the overall management of the previous dry period for parity groups two and three, and 3) the fiber, energy, or protein aspects of the ration for early, mid, and late lactation, and the dry period of each of the three parity groups.
The main section of this module allows for the comparison of the group-average lactation curve interpretations with additional group-average performance indices for each of the three parity groups and for three stages of lactation and the dry period within each parity group. The user has two options to visualize this information: numerically as shown in Figure 5 or graphically as shown in Figure 6 . The performance indices in this section include the proportion of cows with a low or high protein to fat ratio and group-average values for milk urea nitrogen, BCS, and nine different descriptors of the ration. Also shown are the average age at first calving, BW at calving for each parity group, and days dry and calving interval of the previous lactation for parity groups two and three. On the right of the main section ( Figures 5 and 6 ), additional tables show information pertaining to the feeding system, percentage of cows with low or high protein to fat ratio and with specific event codes in each parity group, and peak ratios between parity groups one and two, one and three, and two and three. A graph shows the three group-average lactation curves and peaks simultaneously. As an intermediate analysis step before classifying the potential management deficiencies, the user can interpret and classify the group-average values of the numerical performance indices as "Normal," "High," and "Low" through successive mouse clicks on the cell in the table, showing the variable in question. These classification decisions prompt the program to change the color of the font in the cell successively from black ("Normal") to red ("High") and blue ("Low"), and record the associated class using 176 fields in the herd table of the classification database. After analyzing the information shown in this module, the user can indicate potential management deficiencies that may explain detected problems with the group-average lactation curves and other abnormalities, by clicking on the check boxes in the bottom section of the module. Each one of these 40 potential management deficiency check boxes represents a classification task with the classes "True" and "False," and each decision is recorded in the classification database.
To support the analysis of the large amount of information shown in the main section, the numerical representation of the information was translated to a graphical format, using the visualization technique of multiple standardized graphs as described by Tufte (1997) . With this approach each graph shows, for a particular parity group and performance index, the group-average mean with error bars representing plus and minus the standard deviation, plotted against days after calving (Figure 6) . For each graph a normal range is indicated, allowing the user to quickly assess deviations of the group-average performance from normal expectations. Initial boundary settings were derived from the literature. However, the upper and lower level of the normal range in each graph may be fine-tuned through future machine learning of the decision boundaries between the "Normal" and "High" and the "Normal" and "Low" classes of each numerical performance index shown in the main section. Figure 6 shows a graphical representation of the group-average lactation curve interpretations for each parity group and a tab-sheet with graphs representing four performance indices related to milk and ration protein. The user can click on five additional tabsheets to view graphs pertaining to the other performance indices shown in the main section.
A very large number of variables were available to derive predictive attributes for each of the 40 classification tasks indicating whether or not a potential management deficiency existed. Table 3 shows example cases of the classification task to determine whether there is a potential problem with the management of the previous dry period of the second-parity group cows. This table includes a selection of potentially predictive attributes for machine learning: startup milk, peak level, BCS at calving for parity group two, the difference between the BCS at calving for parity group two and the score at dry-off for parity group one, the percentage of cows in parity group two and early lactation with a low milk protein to fat ratio, and the ratio between peak levels of parity group one and two.
DISCUSSION
Successful application of machine-learning techniques to develop KBS requires proper formulation of the overall problem into classifications tasks conducive to machine learning (Langley and Simon, 1995; Verdenius et al., 1997) and the acquisition of an adequate number of example cases of sufficient quality (Adriaans, 1997) . In this study, an iterative approach was developed to decompose the problem area of group-average lactation curve analysis into subproblems and classification tasks, and to create a software tool, the CADSS, to enable domain specialists to efficiently analyze and classify milk-recording data for a substantial number of example herds.
The process of analyzing group-average lactation curves turned out to be more complex than expected, involving multiple analysis steps, multiple views of performance representations, and a large degree of preprocessing of raw data. The case-acquisition tool resulting from this research can, therefore, be considered as a decision-support system, providing dairy producers and their advisors with a framework for the analysis of group-average lactation curves and automating the preprocessing of raw data into graphical and numerical performance representations. Once the program has been complemented with knowledge-based modules, generated through machine learning in a subsequent research project, field testing will be carried out to acquire input from the end-users regarding, e.g., the graphical user interface, the confidence they have in the knowledge-based modules, the amount of user interaction required with each of the modules, and the costs and benefits of using the program to support dairy producers. Although the development of the CADSS had been designed as an iterative process (Figure 1 ), many more iterations were required than initially anticipated until the specialists were satisfied with the resulting analysis approach and CADSS. After decomposing the overall problem into three subproblems, it was difficult for the domain specialists to specify exactly how they wanted the large amount of raw data to be processed and represented in performance indices. The development, in itself, of the CADSS prototypes enabled the specialists to propose new ways of viewing and analyzing the data, not necessarily obvious or available to them before. In addition, the specialists were confronted with alternative views of the data proposed by the system developer, based on data visualization techniques. Many iterations were thus necessary to explore these new approaches to viewing and analyzing the data and to elicit the preferred method of group-average lactation curve analysis, which was formalized in the resulting CADSS.
The focus on example cases was found to be useful throughout the development of the CADSS. The example-based approach facilitated communication between the system developer and the specialists during the consultation sessions in which the problem formulation and the functionality of the CADSS program were discussed. Additionally, the analysis of real-world example cases of milk-recording data with the CADSS prototypes helped the specialists to determine whether the chosen representations of the data were useful and if the classi- fication tasks and classes adequately covered the subproblems.
The CADSS developed here is expected to continue to evolve to higher levels of complexity in future research projects. The first step will be the acquisition from domain specialists of example cases of the removal of outlier tests and lactations. Machine-learning techniques will then be applied to these example cases to derive knowledge-based components that will be incorporated into the CADSS to automate the removal of outliers. This automation will make it easier for the domain specialists to analyze and classify a substantial number of example cases of the interpretation and diagnosis of group-average lactation curves using the second and third modules, while still allowing the user to override the system. The final KBS for use by dairy advisors could keep its case-acquisition functionality to allow for the acquisition of interesting new cases encountered in the field, which could be used for additional machine learning. In the long-term, machine-learning capabilities could be incorporated into the program, leading to a self-learning or adaptive KBS (Schmoldt, 1997) .
Although the CADSS was developed to make use of the milk-recording data available at the provincial DHIA, the overall approach is expected to be applicable to any region and dairy support situation. The approach to group-average lactation curve analysis presented in this paper is already possible with a basic set of milkrecording variables consisting of milk yield, fat, protein, and SCC. The case-acquisition functionality of the CADSS enables dairy nutrition specialists, familiar with the specific dairy farming situation, to analyze and classify milk-recording data of a selected number of dairy herds. This could be followed by the development of machine-learning generated knowledge-based compo-nents specific to that situation, which could be added to the core modules of the CADSS program.
The example-based approach to the development of decision-support systems, followed by case acquisition and machine learning to enhance these systems with knowledge-based components, may also be useful for other problem areas in dairy farming and agriculture in general. Information technology has made it possible to capture and store vast amounts of data from sources on the farm (e.g., sensors) as well as from external organizations. The challenge for agricultural producers is to interpret and utilize these data properly to improve decision-making (Doluschitz, 1990; Frost et al., 1997; Tomaszewski, 1993) . Similar to the approach pursued in the research presented here, computerized support systems could be developed for the analysis and interpretation of data in these problem domains by making use of the expertise of domain specialists to explore new ways of analyzing the available data through examplebased decision-support system development. Designing these systems to include case-acquisition functionality would allow for the acquisition of example cases, classified by domain specialists, and the application of machine-learning techniques to develop knowledge-based components that could be integrated into the developed decision-support system.
In conclusion, a CADSS was developed to support the analysis of group-average lactation curves and to enable domain specialists to analyze and classify example cases of this analysis process efficiently. In future research, machine-learning techniques will be used to discover and acquire the knowledge implicitly embedded in these example cases. The resulting knowledge-based modules will subsequently be incorporated into the CADSS and lead to a final KBS.
